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Table 1  Ablation experiments for each module of the model

Number YOLOI11 CEADown CSP-MSPF CSPSHSA Parameter Pl% RI% mAP50/%

1 N 2.58x106 82.8 75.8 83.1

2 V \ 2.26x10° 83.0 76.7 84.2

3 V \ 2.63x10° 83.2 76.6 83.8

4 v v 2.55x10° 83.0 772 83.3

5 J 2.30x10° 82.4 78.0 84.8

6 V N 2.27x10° 83.7 77.4 85.1
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Fig. 5 Heat maps of different underwater environments
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Table 3 Comparative experiments of different models

URPC2020 DUO
Model Parameter
P/% RI% mAP50/% mAP50-95/% P/% RI% mAP50/% mAP50-95/%

Faster R-CNN 41.36x10° 80.8 76.4 84.0 48.7 84.8 74.4 83.4 64.8
YOLOv5n 1.76x10° 84.7 75.8 82.6 46.9 83.9 74.8 82.2 58.4
YOLOvV7-tiny 6.02x10° 82.3 76.6 82.9 453 86.2 75.5 84.6 62.3
YOLOv8n 3.00x10° 80.5 76.3 82.6 49.4 82.4 75.6 83.0 63.0
YOLOv10n 2.65%10° 82.3 76.1 83.1 49.2 84.3 73.6 82.4 62.9
YOLOl1n 2.58x10° 82.8 75.8 83.1 49.6 84.5 74.9 83.6 64.2
YOLOvI12n 2.55%10° 82.8 75.3 83.0 49.6 86.3 73.1 83.4 63.6
Ours 2.27x10° 83.7 77.4 85.1 51.1 86.1 75.0 84.7 65.4
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Multi-Scale Context-Aware Detection Model for Underwater Target

WANG Juntao!, ZHENG Hong', LU Yuanjun?, XU Xian', WU Lijuan'
(1. School of Information Science and Engineering, East China University of Science and Technology, Shanghai
200237, China; 2. Infosys Technologies (China) Co. Ltd, Hangzhou Branch, Hangzhou 310056, China)

Abstract: To address the limitations of traditional models in handling complex underwater environmental noise,
large variations in target scale, and the trade-off between model size and accuracy, the MSCA-UODA (Multi-scale
Context-Aware Underwater Object Detection Algorithm) was proposed. The model includes a context-enhanced
downsampling module, CEADown (Context-Enhanced ADown), which effectively reduces model parameters, captures
contextual information efficiently, and mitigates underwater environmental noise. Additionally, it introduces a multi-
scale feature extraction module based on dual-path partial connection, named CSP-MSPF (Cross Stage Partial-Multi-
scale Partial Feature), and incorporates the SHSA (Single-Head Self-Attention) mechanism to enhance the C2PSA
module, thereby improving the model's multi-scale feature extraction capability. Experimental results show that on the
URPC2020 and DUO datasets, MSCA-UODA improved mAPS50 by 2.0 percentage points and 1.1 percentage points,
respectively, compared to the baseline model, while reducing the number of parameters by 12.01%. Its overall
performance surpassed that of current mainstream object detection models.

Key words: underwater object detection; deep learning; attention mechanism; downsampling; feature extraction
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